Rare copy number variants associated with increased risk for neurodevelopmental and psychiatric disorders (referred to as ND-CNVs) are characterized by heterogeneous phenotypes thought to share a considerable degree of overlap. Altered neural integration has often been linked to psychopathology and is a candidate marker for potential convergent mechanisms through which ND-CNVs modify risk; however, the rarity of ND-CNVs means that few studies have assessed their neural correlates. Here, we used magnetoencephalography (MEG) to investigate resting-state oscillatory connectivity in a cohort of 42 adults with ND-CNVs, including deletions or duplications at 22q11.2, 15q11.2, 15q13.3, 16p11.2, 17q12, 1q21.1, 3q29, and 2p16.3, and 42 controls. We observed decreased connectivity between occipital, temporal and parietal areas in participants with ND-CNVs. This pattern was common across genotypes and not exclusively characteristic of 22q11.2 deletions, which were present in a third of our cohort. Furthermore, a data-driven graph theory framework enabled us to successfully distinguish participants with ND-CNVs from unaffected controls using differences in node centrality and network segregation. Together, our results point to alterations in electrophysiological connectivity as a putative common mechanism through which genetic factors confer increased risk for neurodevelopmental and psychiatric disorders.
CNV and critical region (hg19)
In datasets with continuous head localization, the maximum distance of the head coils from sensor locations, and correlated to obtain functional connectivity matrices. These were z-scored and rank-148 thresholded at the group level for between-group analyses, and at the subject level for data-driven prediction of 149 ND-CNV status using graph theory.
150
Estimating functional connectivity 151 To assess group differences in resting-state connectivity (Figure 1 ), we focused on amplitude- in the average rank map were considered "valid" and selected for further analysis. To ensure 187 that large differences in signal across cohorts were not discarded by this procedure, the rank-188 thresholding procedure was performed separately in each cohort, and connections determined 189 as "valid" in either cohort were included in further analysis.
190
To assess differences between groups, Welch's t-tests were conducted at each valid edge.
191
Significant edges were identified using an uncorrected α = 0.05. Correction for multiple 192 comparisons was applied using a randomization procedure with 10000 sign-shuffling iterations 193 and maximal statistic thresholding (omnibus α = 0.05) (Nichols and Holmes, 2001) .
194
The robustness of cohort differences was evaluated through a resampling procedure. Increases 
Individual networks: identifying participants with ND-CNVs using graph theory 207
Next, a data-driven graph theory approach was used to assess whether participants with ND-
208
CNVs could be distinguished from unaffected controls using functional connectivity features.
209
To this aim, the cohort was divided into training and test sets using an iterated cross-validation 
295
Network features as predictors of ND-CNV status 296 A graph theory framework was employed to identify participants with ND-CNVs from their 297 functional networks based on combined frequency maps. This approach has the advantage of 298 reducing dimensionality and complements the edge-focused group testing approach described 299 above.
300
Graph theory metrics were successful predictors of ND-CNV participants relative to unaffected 301 controls. The best prediction accuracy was achieved by combining the 6 node features (Table   302 2; Figure 5A ; maximum accuracy 71%±3.44, P=0.0002). However, participants with 22q11.2 303 deletions were more consistently correctly classified than those with other ND-CNVs ( Figure   304 5B). 
331
For classification between participants with 22q11.2 deletions and other ND-CNVs (top right cell), 100 subsamples
